Precisely evaluating the quality of a translation against human references is a challenging task due to the flexible word ordering of a sentence and the existence of a large number of synonyms for words. This paper proposes to evaluate translations with distributed representations of words and sentences. We study several metrics based on word and sentence representations and their combination. Experiments on the WMT metric task shows that the metric based on the combined representations achieves the best performance, outperforming the state-of-the-art translation metrics by a large margin. In particular, training the distributed representations only needs a reasonable amount of monolingual, unlabeled data that is not necessary drawn from the test domain.
Introduction
Automatic machine translation (MT) evaluation metrics measure the quality of the translations against human references. They allow rapid comparisons between different systems and enable the tuning of parameter values during system training. Many machine translation metrics have been proposed in recent years, such as BLEU (Papineni et al., 2002) , NIST (Doddington, 2002) , TER (Snover et al., 2006) , Meteor (Banerjee and Lavie, 2005) and its extensions, and the MEANT family (Lo and Wu, 2011) , amongst others.
Precisely evaluating translation, however, is not easy. This is mainly caused by the flexible word ordering and the existence of the large number of synonyms for words. One straightforward solution to improve the evaluation quality is to increase the number of various references. Nevertheless, it is expensive to create multiple references. In order to catch synonym matches between the translations and references, synonym dictionaries or paraphrasing tables have been used. For example, Meteor (Banerjee and Lavie, 2005) uses WordNet (Miller, 1995) ; TER-Plus (Snover et al., 2009) and Meteor Universal (Denkowski and Lavie, 2014) deploy paraphrasing tables. These dictionaries have helped to improve the accuracy of the evaluation; however, not all languages have synonym dictionaries or paraphrasing tables, especially for those low resource languages. This paper leverages recent developments on distributed representations to address the above mentioned two challenges. A distributed representation maps each word or sentence to a continuous, low dimensional space, where words or sentences having similar syntactic and semantic properties are close to one another (Bengio et al., 2003; Socher et al., 2011; Mikolov et al., 2013) . For example, the words vacation and holiday are close to each other in the vector space, but both are far from the word business in that space.
We propose to evaluate the translations with different word and sentence representations. Specifically, we investigate the use of three widely deployed representations: one-hot representations, distributed word representations learned from a neural network model, and distributed sentence representations computed with recursive autoencoder. In particular, to leverage the different advantages and focuses, in terms of benefiting evaluation, of various representations, we concatenate the three representations to form one vector representation for each sentence. Our experiments on the WMT metric task show that the metric based on the concatenated representation outperforms several state-of-the-art machine translation metrics, by a large margin on both segment and system-level. Furthermore, our results also indicate that the representation based metrics are robust to a variety of training conditions, such as the data volume and domain.
Representations
A representation, in the context of NLP, is a mathematical object associated with each word, sentence, or document. This object is typically a vector where each element's value describes, to some degree, the semantic or syntactic properties of the associated word, sentence, or document. Using word or phrase representations as extra features has been proven to be an effective and simple way to improve the predictive performance of an NLP system (Turian et al., 2010; Cherry and Guo, 2015) . Our evaluation metrics are based on three widely used representations, as discussed next.
One-hot Representations
Conventionally, a word is represented by a one-hot vector. In a one-hot representation, a vocabulary is first defined, and then each word in the vocabulary is assigned a symbolic ID. In this scenario, for each word, the feature vector has the same length as the size of the vocabulary, and only one dimension that corresponds to the word is on, such as a vector with one element set to 1 and all others set to 0. This feature representation has been traditionally used for many NLP systems. On the other hand, recent years have witnessed that simply plugging in distributed word vectors as realvalued features is an effective way to improve a NLP system (Turian et al., 2010) .
Distributed Word Representations
Distributed word representations, also called word embeddings, map each word deterministically to a real-valued, dense vector (Bengio et al., 2003) . A widely used approach for generating useful word vectors is developed by (Mikolov et al., 2013) . This method scales very well to very large training corpora. Their skip-gram model, which we adopt here, learns word vectors that are good at predicting the words in a context window surrounding it. A very promising perspective of such distributed representation is that words that have similar contexts, and therefore similar syntactic and semantic properties, will tend to be near one another in the low-dimensional vector space.
Sentence Vector Representations
Word level representation often cannot properly capture more complex linguistic phenomena in a sentence or multi-word phrase. Therefore, we adopt an effective and efficient method for multiword phrase distributed representation, namely the greedy unsupervised recursive auto-encoder strategy (RAE) (Socher et al., 2011) . This method works under an unsupervised setting. In particular, it does not rely on a parsing tree structure in order to generate sentence level vectors. This characteristic makes it very desirable for applying it to the outputs of machine translation systems. This is because the outputs of translation systems are often not syntactically correct sentences; parsing them is possible to introduce unexpected noise.
For a given sentence, the greedy unsupervised RAE greedily searches a pair of words that results in minimal reconstruction error by an autoencoder. The corresponding hidden vector of the auto-encoder (denoted as the two children's parent vector), which has the same size as that of the two child vectors, is then used to replace the two children vectors. This process repeats and treats the new parent vector like any other word vectors. In such a recursive manner, the parent vector generated from the word pool with only two vectors left will be used as the vector representation for the whole sentence. Interested readers are referred to (Socher et al., 2011) for detailed discussions of the strategy.
Combined Representations
Each of the above mentioned representations has a different strength in terms of encoding syntactic and semantic contextual information for a given sentence. Specifically, the one-hot representation is able to reflect the particular words that occur in the sentence. The word embeddings can recognize synonyms of words appearing in the sentence, through the co-occurrence information encoded in the vector's representation. Finally, the RAE vector can encode the composed semantic information of the given sentence. These observations suggest that it is beneficial to take various types of representations into account.
The most straightforward way to integrate multiple vectors is using concatenation. In our studies here, we first compute the sentence-level one-hot, word embedding, and RAE representations. Next, we concatenate the three sentence-level representations to form one vector for each sentence.
Consider we have the sentence representations for the translations (t) and references (r), the translation quality is measured with a similarity score computed with Cosine function and a length penalty. Suppose the size of the vector is N , we calculate the quality as follows.
where α is a free parameter, v i (.) is the value of the vector element, P len is the length penalty, and l r , l t are length of the translation and reference, respectively. In the scenarios of there exist multiple references, we compute the score with each reference, then choose the highest one. Also, we treat the document-level score as the weighted average of sentence-level scores, with the weights being the reference lengths, as follows.
where Score i denotes the score of sentence i, and D is the size of the document in sentences. With these score equations, we then can formulate our five presentations based metrics as follows.
For the one-hot representation metric, once we have the representations of the words and n-grams, we sum all the vectors to obtain the representation of the sentence. For efficiency, we only keep the entries which are not both zero in the reference and translation vectors. After we generate the two vectors for both translation and reference, we then compute the score using Equation 1.
For the word embedding based metric, we first learn the word vector representation using the code provided by (Mikolov et al., 2013) 1 . Next, following (Zou et al., 2013) , we average the word embeddings of all words in the sentence to obtain the representation of the sentence.
As discussed in Section 2.4, the three sentencelevel one-hot, word embedding and RAE representations have different strength when they are 1 https://code.google.com/p/word2vec/ used to compare two sentences. In our metric here, each of the three vectors is first scaled with a particular weight (learned on dev data) and then the vectors are concatenated. With these concatenation vectors, we then calculate the similarity score using Equation 1.
For comparison, we also combine the strength of the three representations using weighted average of the three metrics computed. Weights are tuned using development data.
Experiments
We conducted experiments on the WMT metric task data. Development sets include WMT 2011 all-to-English, and English-to-all submissions. Test sets contain WMT 2012, and WMT 2013 all-to-English, plus 2012, 2013 Englishto-all submissions. The languages "all" include French, Spanish, German and Czech. For training the word embedding and recursive auto-encoder model, we used WMT 2013 training data 2 .
We compared our metrics with smoothed BLEU (mteval-v13a), TER 3 , Meteor v1.0 4 , and Meteor Universal (i.e. v1.5) 5 . We used the default settings for all these four metrics.
When considering the representation based metrics, we tuned all the parameters to maximize the system-level γ score for all representation based metrics on the dev sets. We tuned the weights for combining the three vectors automatically, using the downhill simplex method as described in (Press et al., 2002) . The weights are 1 for the RAE vector, about 0.1 for the word embedding vector, and around 0.01 for the one-hot vector, respectively. We tuned other parameters manually. Specifically, we set n equal to 2 for the one-hot n-gram representation, the vector size of the recursive auto-encoder to 10, and the vector size of word embeddings to 80.
Following WMT 2013's metric task (Macháček and Bojar, 2013) , to measure the correlation with human judgment, we use Kendall's rank correlation coefficient τ for the segment level, and Pearson's correlation coefficient (γ in the below tables and figures) for the system-level respectively. 
Into-Eng

General Performance
We first report the main experimental results conducted on the Into-English and Out-of-English tasks. Results in Tables 1 suggest that metrics based on three single representations all obtained comparable or better performance than BLEU, TER and Meteor. In particular, the metric based on recursive auto-encoder outperformed the other testing metrics on system-level. When combining the strengths of the three representations, our experimental results show that the metric based on the combined representation outperformed all state-of-the-art metrics by a large margin on both segment-and system-level.
Regarding the evaluation speed of the representation metrics, it took around 1 minute to score about 2000 sentences with the above settings on a machine with a 2.33GHz Intel CPU. It is worth noting that if we increase the vector size of the RAE model and word embeddings, longer execution time is expected for the scoring processes. 
Effect of the Training Data Size
In our second experiment, we measure the performance on the Into-English task and increase the training data from 20K sentences to 11 million sentences. The sentences are randomly selected from the whole training data, which include the English side of WMT 2013 French-toEnglish parallel data ("Europarl v7", "News Commentary" and "UN Corpus"). The results are reported in Figure 1 . From this figure, one can conclude that the performance improves with the increasing of the training data, however, when more than 1.28M sentences are used, the performance stabilizes. This result indicates that training a stable and good model for our metric does not need a huge amount of training data.
Sensitivity to Data Across Domains
The last experiment aimed at the following question: should the test domain be consistent with the training domain? In this experiment, we sampled three training sets from different domain data sets in equal number (136K) of sentences: Europarl (EP), News Commentary (NC), and United Nation proceedings (UN), while the test domain remains the same, i.e., the news domain. The metric trained on NC domain data achieved slightly higher segment-level τ score (0.181 vs 0.178 for EP, 0.176 for UN) and system-level Pearson's correlation score γ (0.821 vs 0.820 for EP, 0.817 for UN). Nevertheless, the results are consistent across domains. This is explainable: although the same test sentence may have different representations w.r.t. the training domain, the distance between the translation and its reference may stay consistent. Practically, the training and test data not necessary being in the same domain is a very attractive characteristic for the translation metrics. It means that we do not have to train the word embeddings and RAE model for each testing domain.
Cope with Word Ordering and Synonym
In order to better understand why metrics based on combined representations can achieve better correlation with human judgment than other metrics, we select, in Table 2 , some interesting examples for further analysis. Consider, for instance, the first reference (denoted as "1 R" in Table 2 ) and their translations. If we replace the word vacation in the reference with words business and holiday, respectively, then we id sentence BLEU rep. 1 R i had a wonderful vacation in italy --1 H1 i had a wonderful business in italy 0.489 0.555 1 H2 i had a wonderful holiday in italy 0.489 0.865 1 H3 in italy i had a wonderful vacation 0.707 0.804 1 H4 vacation in i had a wonderful italy 0.508 0.305 2 R but the decision was not his to make --2 H1 but it is not up to him to decide 0.063 0.652 2 H2 but the decision not him to take 0.241 0.620 2 H3 but the decision was not the to make 0.595 0.612 3 R they were set to go on trial in jan --3 H1 they should appear in court in jan 0.109 0.498 3 H2 the trial was scheduled in jan 0.109 0.454 3 H3 the procedures were prepared in jan 0.109 0.445 Table 2 : Examples evaluated with smoothed BLEU and combined representation based metric. Examples 2-3 are picked up from the real test sets; human judgment ranks H1 better than H2, and H2 better than H3 for each of these example sentences. The combined representation based metric better matches human judgment than BLEU does.
have hypothesis 1 and hypothesis 2, denoted as "1 H1" and "1 H2", respectively, in Table 2 . In this scenario, the metric BLEU assigns the same score of 0.489 for these two translations. In contrast, the representation based metric associates hypothesis 2 with a much higher score than that of hypothesis 1, namely 0.865 and 0.555, respectively. In other words, the score for hypothesis 2 is close to one, suggesting that the RAE based metric considers this translation is almost identical to the reference. The reason here is that the vector representations for the two words are very near to one another in the vector space. Consequently, the representation based metric treats the holiday as a synonym of vacation, which matches human's judgment perfectly.
Let us continue with this example. Suppose, in hypothesis 3, we reorder the phrase in italy. The representation based metric still considers this to be a good translation with respect to the reference, thus associating a very close score as that of the reference, namely 0.804. The reason for representation metric's correct judgment is that H3 and the reference, in the vector space, embed very similar semantic knowledge, although they have different word orderings. Now let us take this example a bit further. We randomly mess up the words in the reference, resulting in hypothesis 4 (denoted as "1 H4" as shown in Table 2 ). In such scenario, the representation metric score drops sharply because the syntactic and semantic information embedded in the vector space is very different from the reference. Interestingly, the BLEU metric still consider this translation is not a very bad translation.
We made up the first example sentence for illustrative purpose, however, the examples 2-3 are picked up from the real test sets. According to the human judgment, hypothesis 1 (H1) is better than hypothesis 2 (H2); hypothesis 2 is better than hypothesis 3 (H3) for each of these example sentences. These results indicate that the combined representation based metric better matches the human judgment than BLEU does.
Conclusion
We studied a series of translation evaluation metrics based on three widely used representations. Experiments on the WMT metric task indicate that the representation metrics obtain better correlations with human judgment on both system-level and segment-level, compared to popular translation evaluation metrics such as BLEU, Meteor, Meteor Universal, and TER. Also, the representation-based metrics use only monolingual, unlabeled data for training; such data are easy to obtain. Furthermore, the proposed metrics are robust to various training conditions, such as the data size and domain.
